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Analysis of Internet Companies’ Growth via
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Tatsuyuki Negoro1 and Makoto Sato2
Abstract: Internet-service firms can increase their earnings exponentially by acquiring a
wide range of customers. This study establishes the indicators for growth speed and growth
period for such companies during their stage of exponential growth to statistically validate
several hypotheses regarding growth factors in their industries. The study approximates the
changes in companies’ annual revenues to determine indicators for growth rates─ based
on the bottom exponent─ and for the continuous period (the number of years during
which growth occurs)─ based on the correlation between the actual data and the
exponential function.
Keywords: Exponential Growth, Exponential Approximation, Winner-Takes-All, Inter-
net Company
1. INTRODUCTION
Internet companies grow rapidly. For example, firms offering Internet services such as
information search, e-commerce, and social media are growing exponentially because of the
so-called “network effect.” Managers and investors are therefore seeking to analyze the
growth potential of such companies to forecast their future performance.
In this study, “exponential growth” refers to instances in which the marginal growth
rate rapidly accelerates. We propose new evaluation indicators with which to approximate
the trajectory of the growth rate（speed）and growth period during the exponential
growth stage. We conduct a quantitative analysis on growth factors for internet-related
services based on the evaluation indicators thus established. Specifically, this study suggests
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that companies that grow exponentially during a longer period gain a higher market share,
that platform providers tend to grow with advantage in the growth rate and growth
period, and that early market entrants that have demonstrated exponential growth for the
longest period have gained the largest share in winner-take-all（WTA）industries. We
also examine the differences between Japan and the United States（US）regarding the
outcome of this analysis. While trends were similar between the two nations, the
ascendancy of early entrants was observed only in Japan.
This study’s significance goes beyond the validation of its hypotheses. It proposes new
evaluation indicators that can measure the speed and period of growth simultaneously.
This represents essential knowledge in the field, as growth has usually been evaluated only
in terms of CAGR（Compound Average Growth Rate). The validation of our
hypotheses is a means of demonstrating the indicators’ usefulness. The novelty of this
study lies in our use of the period of exponential growth as both an explanatory variable
and an explained variable as well as our use of the exponential speed of growth as an
explained variable.
2. RESEARCH ON GROWTH TRAJECTORY APPROXIMATION
Many studies have sought to approximate growth trajectories for companies and
industries by creating a model. These studies tend to establish a regression model that
simulates market data. They attempt to compel the model to reflect real-world conditions
accurately by adding certain conditions that specify the companies and periods to which
the model can be applied.
For example, the Sigmoid Curve, which reflects global food limitations, has long been
used to create models simulating the expansion of the population of a living organism
based on the availability of plants and the organism’s relationship with predators, and has
achieved a certain level of success. Working under the assumption that growth will
inevitably slow, Modis（2007）listed the advantages and disadvantages of conducting
regression analyses of market changes and corporate earnings using the Sigmoid Curve.
Marasco, Picucci, and Romanoc（2016）as well as other studies have used the Sigmoid
Curve to create regression models that reflect changes in earnings disparities among
companies due to technologies and marketing strategies.
The problem with all these attempts to approximate growth trajectories using the
Sigmoid Curve is that they are based on a regression model involving changes in marginal
earnings, from a stage of growth to one of stagnation. An accurate approximation cannot
be made using data taken during the growth period, as such data provide no future forecast
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values.
In current research on the growth trajectory of platform products and services, there
are attempts at creating a model with which to approximate actual market data and
quantitatively assess the impact of the network effect on their growth.
One such instance is Eisenmann（2006), who used data on US internet-service
companies up to 2001 to argue that early market entrants, as pioneers, make more prior
investments than others. Eisenmann demonstrated through a regression analysis that early
market entrants─ as well as those heavily reliant on platforms─ tend to achieve a better
return on investment（ROI）in a WTA market.
Meanwhile, Kimura（2017）constructed a two-sided market model based on the
system dynamics（SD）of the video game industry to approximate chronological changes
in accumulated titles to investigate the emergence of a network effect on a cross-side
platform. Specifically, the impact of word-of-month communications and advertisements
was incorporated into an SD approximation model to show that the network effect
influences users and companies in different ways.
More recently, Song, Xue, Rai, and Cheng（2018）used platform ecosystem data
（from 2008 to 2013）on the Mozilla Firefox web browser and demonstrated through a
vector auto-regressive（VAR）model the asymmetry of a cross-network effect between
the users and the app operators.
3. NEW INDICATORS AND HYPOTHESES
3.1. Establishment of Growth Indicators of Internet Companies
We propose new indicators with which to analyze growth disparities among
companies in a growing industry. We also approximate a growth trajectory via a model
that incorporates the characteristics of exponential functions to examine our hypotheses
on growth for several industries. Specifically, we exponentially approximate revenue to
determine growth levels（i.e., growth rates and periods). Figure 1 shows the changes in
annual revenue for two US-based e-commerce companies and the results of an exponential
approximation.
The firms’ growth speeds can be compared by comparing the bottom exponents with
respect to the time sequence t. The result of the approximation for Amazon. com, Inc. was
e0.3258 as of 2016, indicating that the company’s growth rate was higher than that of eBay
Inc.（e0.2735). Figure 1 also shows the R2 value（the coefficient of determination for the
exponential approximation）; however, the exponential function will not work smoothly if
growth appears to be stagnant. The approximation for eBay was 0.6988 as of 2016, lower
3
than that of Amazon. Nevertheless, we see a significantly high correlation, considering that
the data encompass a 20-year period（based on the Pearson correlation coefficient).
However, this correlation may lose its significance over time if revenue continues to fall, as
it did in 2015 and 2016.
We can improve revenue approximation precision when evaluating a company’ s
growth potential by obtaining an average over time. The growth rate can be approximated
using a moving average during several years. Figure 2 shows the cumulative annual growth
for companies in the US cloud-service industry based on a five-year moving average CAGR
of revenue, with the IPO year as year 1.
The curves for the four companies, which exponentially approximate figures between
1996 and 2017, indicate that their growth speeds can be compared by looking at the
bottom exponents, even if the available data do not overlap in time. Of the three
companies expressed as solid lines, CoreSite Reality Corp., whose data goes back to 2013,
has the largest bottom value, even though the company is a latecomer. This means that the
company’s growth speed is high, as indicated by the steep curve. On the other hand,
Blucora Inc.─ expressed as the red dotted line─ has a low bottom value and its R2 value
is low at less than 0.5%. Thus, the model and the actual trajectory rarely match, indicating
that the company is not growing exponentially.
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Figure 1. Exponential Approximation of Changes in Two Companies’ Revenues（1996-2016）
Created with data obtained from SPEEDA in 2018
In this section, we described the basic characteristics of exponential approximation.
The indicators we propose allow for accurate approximation when earnings are increasing,
making it possible to compare companies with different levels of growth. Companies
whose data do not overlap in time can also be compared. Although CAGR seems to be
used in the similar way, our indicators compare companies by only focusing on the
exponential growth periods.
3.2. Hypotheses on Growth Factors
Although some internet-service companies can grow exponentially along the same
trajectory and at the same time, certain companies grow over a long period, while others
grow more rapidly. In this situation, which companies are more likely to increase their
market share?
Platform businesses often contribute to the growth of internet-service companies. If
there are both platform providers and platform users within the same industry, will the
platform providers grow with advantage in the growth level, and is the sole winner in a
WTA market likely to be an early market entrant?
Previous studies have considered these questions using various approaches and
datasets. This study, however, uses newly proposed indicators to examine four hypotheses
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Figure 2. Exponential Approximation for Revenue Changes Normalized With CAGR
on earnings（revenue）growth. This study is unique in employing the period during
which earnings are growing exponentially as an explanatory variable for hypotheses 1 and
2. For hypothesis 2, we use exponential growth speed or exponential growth period as an
explained variable. With this in mind, we propose the following:
Hypothesis 1. When multiple companies are growing in a growing industry,
companies that grow exponentially over a longer period will gain a higher market
share.
Hypothesis 2. Platform providers tend to grow with advantage in the growth rate
and growth period.
Hypothesis 3. In WTA industries, early entrants that grow exponentially for the
longest period of time have gained the highest market share.
Hypothesis 4. Hypotheses 1 through 3 are valid for both Japan and the US.
If hypothesis 1 is supported, an exponential growth period（an explanatory variable
for market share）is significant, raising the likelihood that（as proposed in hypothesis 3）
early entrants are ascendant.
4. TARGET INDUSTRIES AND DATA
We analyze companies in Japan and the US operating in the same six internet-
related industries in both countries.
4.1. Target Industries and Corporate Data
Our data cover a period long enough to track firm growth from the early stages of
operations. We examine 72 US companies and 80 Japanese companies in the relevant
industries, with platform providers visibly present in some industries but not in others.
The firms include those dealing in information search, e-commerce, social networks, travel
websites, financial software, and cloud services（data centers and access administration
services). We include the US security software industry to ensure that we have enough
data（thus, seven industries are covered). We use revenue data from 2001 to 2016 as well
as some data from 1996 to 2000 to obtain a five-year moving average for the CAGR.
Some studies cite the number of active users when evaluating the growth of internet
companies. However, many companies do not disclose this number. Thus, we use revenue
data. We do not use the companies’ stock prices or the number of page views, because
these are often strongly influenced by stock market conditions and the volume of
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Figure 3. Changes in Revenue for Companies in Each Industry in the US（2001-2016）




Figure 4. Changes in Revenue for Companies in Each Industry in Japan（2001-2016）
Created with data obtained from SPEEDA in 2018
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advertisements posted, meaning that these indicators are not suitable for use as variables
when comparing growth potential among companies
Figures 3 and 4 show the changes in revenue for companies in each industry from
2001 to 2016（US and Japanese companies respectively). In the US, all industries are
growing, with certain companies continuing to grow rapidly. However, the travel website
and financial software industries are not growing particularly fast in relative terms, which
is similar to the situation in Japan.
4.2. Establishment of Growth Indicators
We exponentially approximate changes in annual revenue to create indicators for the
growth rate based on the bottom exponent（the larger the bottom value, the larger the
annual marginal growth, indicating rapid growth）and for the continuous period（the
number of years of growth）based on the correlation between the actual data and the
exponential function. As shown below, we exponentially approximate changes in annual
revenue for each year t using chronological data from 2001 to 2016. We adopt the
necessary coefficients as valid indicators when the correlation is high. The variables are as
follows:
Annual changes in sales for year t: Revenue t=a⋅e
Coefficient a: a coefficient for approximating the absolute value of revenue
Coefficient b: a coefficient for approximating annual changes
The period during which exponential growth continues until year t: Duration t
=τ(0≦τ≦16)
τ: number of years during which there was a high correlation with the exponential
function
We can now measure company growth with a normalized indicator─ rather than an
absolute value ─ by using only b, which is obtained through a regressive analysis of
Revenue t. This makes it possible to compare levels of growth speed and duration, not only
among several companies in the same industry within a given year, but also among
companies in different industries.
First, b indicates the rate of increase, showing that growth is rapid. Thus,
e=2⋅=2⋅, meaning that revenue has doubled during the years equivalent in
number to the reciprocal number obtained by multiplying b by about 1.44. For example,
the figure for Amazon ─ when approximated based on annual revenue from 1996 to
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2008─ can be expressed as b=0.855. This means that the company’s revenue doubled
within approximately 0.8 years.
Next, τ indicates the period of continuous growth or the number of years during
which revenue continued to increase, with b being a positive value and the correlation with
the exponential function being sufficiently high. To simplify, our annual revenue data
represent consecutive years in which the correlation coefficient is at least 0.7, so that the
5% significance level is fully met for the average sample number of≒10.
4.3. Variables for Each Hypothesis
We consider chronological changes in the revenue share as an explained variable in
the multiple regression analysis to determine whether this method can be used to evaluate
the target company’ s growth potential. Hypothesis 1 examines the following: when
multiple companies are growing at the same time in a growing industry, companies that
grow exponentially and continuously for a longer period of time will acquire a higher
industry share. The explained variable is the revenue share within the same industry（the
ratio of Revenue［t］among companies within the same industry). The explanatory
variable is the continuous period（τ）of exponential growth up to year t for which shares
are compared.
To examine whether the existence of platform providers grow with advantage, we test
hypothesis 2 using a regression analysis.
Hypothesis 2 posits that platform providers tend to grow with advantage in the
growth rate and growth period. The explained variables are the rate of increase in
exponential growth and the period of continuous exponential growth. The explanatory
variable is whether the company is a platform provider（a dummy variable).
Hypothesis 3 posits that early entrants that grow exponentially for the longest period
of time gain the highest market share in WTA markets（HHI≧25%). The explained
variable is whether these companies have the largest share. The explanatory variable
determines whether the companies are early entrants（a dummy variable）as well as the
period of continuous exponential growth.
Finally, hypothesis 4 posits that hypotheses 1 to 3 are valid for both Japan and the
US.
5. ANALYSIS RESULTS
We establish growth indicators using exponential functions. We also provide the
results of an analysis on whether platform providers and early entrants enjoy advantages in
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WTA markets. We then discuss the research outcomes by first describing the variable
correlations and then examining whether our hypotheses have been validated.
5.1. Variables and Correlation Matrix
Below we provide the Japanese and US companies’ data considered in our calculation
and the variables obtained from the data that were used in the regression analysis. They are
arranged chronologically, except for the references concerning whether certain companies
are platform providers or early market entrants. Platform providers and early market
entrants are regarded as fixed dummy variables. The variables are as follows:
Sharet: percentage of revenue for each company in Japan and the US in the industry
to which it belongs
Exponential t: coefficient b when each company’s revenue in chronological order is
exponentially approximated
Durationt: length of continuous period τ during which exponential approximation
was achieved, with the 5% significance level met
Revenuet: revenue for each company converted to Japanese Yen
CAGRt: average annual revenue growth for each company; a moving average between
the applicable year and five years prior
Profit Ratiot: ratio of operating profit to net revenue for each company
DM_PF: dummy variable indicating platform provider
DM_FM: dummy variable indicating early entrant
The matrices for the correlation coefficients among these variables are shown in
Table 1 for the US and Table 2 for Japan. The differences between Japan and the US
include their profit ratios: In Japan, the ratio of operating profit to revenue has a high
correlation with the other variables.
5.2. Growth Indicators（Regression Analysis of Industry Shares）
In this section, we present the results of the regression analysis concerning hypothesis
1（i.e., companies that grow exponentially for a longer period gain a higher market share).
We conducted a multiple regression analysis using companies’ shares for each year（from
2001 to 2016）as an explained variable, and the duration, CAGR, and profit ratio as
explanatory variables. We show the results for Japan and the US in separate tables.
The results for US firms in six industries that attain adequate significance levels
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indicate that firms with longer duration during which exponential growth can be
confirmed achieve higher shares. In the travel industry, the coefficient was negative,
possibly because newly-established companies, despite growing since the latter half of the
2000s, have not yet attained the revenue levels of older companies. This indicates that
there are some companies with long duration but with a low growth speed.
For Japan, four industries attain adequate significance levels. For these firms, the
higher their duration, the higher their share. We obtain no significant results for finance
and travel firms. As these industries are not growing exponentially, the firms are probably
not growing exponentially during a long enough timespan.
When we use industry shares as explained variables, duration often has higher
significance than CAGR, indicating the usefulness of the indicators we propose. We can
observe by the indicators that industry shares are influenced by the period during which
the exponential growth was achieved.
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Table 1 Correlation Matrix among Variables（Top: US; Bottom: Japan）





Exponential .079 *** 1
Duration .306 *** .301 *** 1
Revenue .492 *** .067 ** .469 *** 1
CAGR 0.107 .205 *** .165 *** 0.050 1
Profit Ratio 0.036 －0.005 0.029 0.017 0.041 1
DM_PF .349 *** .243 *** .563 *** .388 *** .156 *** 0.024 1
DM_FM .516 *** －0.003 .085 *** .231 *** 0.038 0.021 .183 *** 1
*** and ** indicate significance at the 1% and 5% levels respectively





Exponential .240 *** 1
Duration .340 *** .543 *** 1
Revenue .623 *** .191 *** .558 *** 1
CAGR .226 *** .544 *** .321 *** .097 *** 1
Profit Ratio .202 *** .286 *** .384 *** .234 *** .350 *** 1
DM_PF .502 *** .483 *** .611 *** .470 *** .388 *** .333 *** 1
DM_FM .720 *** .153 *** .255 *** .510 *** .129 *** .145 *** .282 *** 1
*** and ** indicate significance at the 1% and 5% levels respectively
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Table 2 Results of Regression Analysis of Industry Shares for Growth Duration（US）
Portal Non-standardized
coefficient
Model B SE t-value p-value
Constant 0.055 0.020 2.696 0.008 ***
Duration 0.021 0.004 5.491 0.000 ***
Profit Ratio 0.000 0.001 0.555 0.580






Model B SE t-value p-value
Constant 0.039 0.010 3.828 0.000 ***
Duration 0.016 0.002 6.612 0.000 ***
Profit Ratio 0.000 0.000 0.630 0.529




Model B SE t-value p-value
Constant 0.030 0.005 6.209 0.000 ***
Duration 0.001 0.000 1.972 0.051 *
Profit Ratio 0.039 0.077 0.500 0.618




Model B SE t-value p-value
Constant 0.041 0.011 3.663 0.000 ***
Duration 0.011 0.005 1.978 0.049 **
Profit Ratio 0.000 0.000 －1.078 0.282
CAGR 0.074 0.063 1.174 0.242
Explained variable: Share
***, **, and * indicate significance at 1%, 5%, and 10% levels respectively
EC Non-standardized
coefficient
Model B SE t-value p-value
Constant 0.015 0.013 1.105 0.271
Duration 0.022 0.003 8.945 0.000 ***
Profit Ratio －0.004 0.001 －4.459 0.000 ***




Model B SE t-value p-value
Constant 0.065 0.013 4.837 0.000 ***
Duration 0.017 0.002 7.331 0.000 ***
Profit Ratio 0.000 0.000 0.764 0.446




Model B SE t-value p-value
Constant 0.195 0.027 7.111 0.000 ***
Duration －0.018 0.006 －3.253 0.002 ***
Profit Ratio 0.001 0.001 0.504 0.615
CAGR 0.081 0.073 1.111 0.269
Explained variable: Share
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Table 3 Results of Regression Analysis of Industry Shares for Growth Duration（Japan）
Portal Non-standardized
coefficient
Model B SE t-value p-value
Constant －0.005 0.007 －0.782 0.435
Duration 0.009 0.002 4.189 0.000 ***
Profit Ratio 0.004 0.001 8.149 0.000 **
CAGR －0.183 0.062 －2.976 0.003 ***






Model B SE t-value p-value
Constant 0.063 0.029 2.156 0.034 **
Duration 0.018 0.005 3.815 0.000 ***
Profit Ratio －0.004 0.001 －3.060 0.003 ***
CAGR 0.363 0.084 4.329 0.000 ***




Model B SE t-value p-value
Constant 0.106 0.011 9.530 0.000 ***
Duration －0.040 0.030 －1.328 0.186
Profit Ratio 0.000 0.000 0.623 0.534
CAGR －0.510 0.338 －1.511 0.133
CAGR 2 0.918 1.503 0.610 0.542
Explained variable: Share
***, **, and * indicate significance at 1%, 5%, and 10% levels respectively
EC Non-standardized
coefficient
Model B SE t-value p-value
Constant 0.002 0.007 0.317 0.751
Duration 0.027 0.002 11.759 0.000 ***
Profit Ratio 0.001 0.001 1.224 0.222
CAGR 0.058 0.046 1.278 0.202




Model B SE t-value p-value
Constant 0.102 0.022 4.743 0.000 ***
Duration 0.015 0.007 2.005 0.047 **






Model B SE t-value p-value
Constant 0.190 0.029 6.461 0.000 ***
Duration －0.060 0.060 －1.005 0.318
Profit Ratio 0.003 0.003 1.077 0.285
CAGR 0.018 0.461 0.040 0.969
CAGR 2 0.564 1.139 0.495 0.622
Explained variable: Share
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Table 4 Results of Regression Analysis of Exponential Growth with Platform Providers as Dummy
Variables（US）
For explained variables, “exponential” is on the left; “duration” is on the right
Portal Non-standardized
coefficient
Model B SE t-value p-value
Constant 0.052 0.023 2.279 0.025 **
DM_PF 0.751 0.071 10.548 0.000 ***
DM_FM －0.472 0.078 －6.019 0.000 ***
Duration 0.001 0.005 0.319 0.751
Profit Ratio 0.001 0.001 1.879 0.063 *
Share －0.253 0.128 －1.971 0.051 *
EC Non-standardized
coefficient
Model B SE t-value p-value
Constant 0.075 0.013 5.881 0.000 ***
DM_PF 0.383 0.040 9.654 0.000 ***
DM_FM －0.059 0.065 －0.900 0.370
Duration －0.003 0.003 －1.002 0.318
Profit Ratio 0.002 0.001 2.084 0.039 **





Model B SE t-value p-value
Constant 0.095 0.020 4.750 0.000 ***
DM_PF 0.281 0.060 4.702 0.000 ***
DM_FM －0.131 0.080 －1.645 0.101
Duration 0.030 0.006 4.889 0.000 ***
Profit Ratio 0.000 0.000 0.708 0.480
Share －0.230 0.132 －1.741 0.083 *
Cloud Non-standardized
coefficient
Model B SE t-value p-value
Constant 0.096 0.083 1.150 0.252
DM_PF －0.140 0.236 －0.592 0.555
DM_FM －0.283 0.220 －1.287 0.200
Duration 0.023 0.017 1.390 0.167
Profit Ratio －0.004 0.000 －13.409 0.000 ***
Share 0.977 0.805 1.215 0.227
***, **, and * indicate significance at 1%, 5%, and 10% levels respectively
Portal Non-standardized
coefficient
Model B SE t-value p-value
Constant 1.980 0.482 4.107 0.000 ***
DM_PF 5.378 1.874 2.869 0.005 ***
DM_FM －2.552 1.740 －1.467 0.145
Exponential 0.656 2.332 0.281 0.779
CAGR －0.809 1.812 －0.446 0.656
EC Non-standardized
coefficient
Model B SE t-value p-value
Constant 2.024 0.382 5.297 0.000 ***
DM_PF 6.336 1.394 4.545 0.000 ***
DM_FM 0.000 1.358 0.000 1.000
Exponential 5.562 3.036 1.832 0.069 *





Model B SE t-value p-value
Constant 0.122 0.073 1.654 0.100 *
DM_PF 0.612 0.231 2.645 0.009 ***
DM_FM －0.631 0.252 －2.504 0.013 **
Exponential 2.522 0.243 10.367 0.000 ***
CAGR 0.628 0.188 3.336 0.001 ***
Cloud Non-standardized
coefficient
Model B SE t-value p-value
Constant 2.407 0.470 5.123 0.000 ***
DM_PF 4.926 0.838 5.876 0.000 ***
DM_FM －2.024 1.087 －1.862 0.065 *
Exponential 0.052 0.354 0.147 0.883
CAGR －0.095 0.429 －0.220 0.826
5.3. Platform Attributes as Growth Factors
This section tests hypotheses 2 and 3. Below are the results of a regression analysis of
US data from 2001 to 2016.
We also conduct a regression analysis for the platform providers described in Table 5.
In the US, in the regression with “Exponential” as the explained variable, the PF dummy is
significant in three industries with platform providers and not significant in Cloud. In the
regression with “Duration” as the explained variable, the PF dummy is significant in all
four industries with platform providers.
Below, we provide the results of the regression analysis on Japanese data covering
2001 to 2016. We conduct a regression analysis for the platform providers described in
Table 7. In Japan, in the regression with “Exponential” as the explained variable, the PF
dummy is significant in three industries with platform providers and not significant in
Cloud. In the regression with “Duration” as the explained variable, the PF dummy is
significant in all four industries with platform players. These results are similar to those of
the US.
Next, we examine hypothesis 3（i. e., early entrants grow exponentially for the
longest period of time have gained the highest market share). Table 8 for the US and
Table 9 for Japan both show the Herfindahl ─ Hirschman Index（HHI）for each
industry in the two countries. The index is 25% or above for six industries in the US and
for four in Japan.（This is not an exact figure, as these industries include closely-held
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Table 6 Results of Regression Analysis of Exponential Growth with Platform Providers as Dummy
Variables（Japan）
Japan: for explained variables, “exponential” is on the left; “duration” is on the right
Portal Non-standardized
coefficient
Model B SE t-value p-value
Constant 0.089 0.015 5.852 0.000 ***
DM_PF 0.243 0.060 4.063 0.000 ***
DM_FM 0.401 0.297 1.349 0.178
Duration 0.025 0.005 4.912 0.000 ***
Profit Ratio 0.003 0.001 3.032 0.003 ***
Share －0.758 0.399 －1.901 0.058 *
EC Non-standardized
coefficient
Model B SE t-value p-value
Constant 0.046 0.011 4.352 0.000 ***
DM_PF 0.112 0.046 2.420 0.016 **
DM_FM －0.211 0.163 －1.293 0.197
Duration 0.025 0.005 5.261 0.000 ***
Profit Ratio －0.001 0.001 －0.749 0.455





Model B SE t-value p-value
Constant 0.074 0.057 1.291 0.200
DM_PF 0.462 0.103 4.468 0.000 ***
DM_FM －0.426 0.167 －2.554 0.012 **
Exponential －0.006 0.009 －0.669 0.505
Profit Ratio 0.003 0.002 1.310 0.194
CAGR 0.692 0.271 2.548 0.013 **
Cloud Non-standardized
coefficient
Model B SE t-value p-value
Constant 0.035 0.033 1.062 0.290
DM_PF 0.131 0.087 1.501 0.136
DM_FM －0.044 0.069 －0.635 0.527
Duration 0.061 0.011 5.692 0.000 ***
Profit Ratio 0.007 0.003 2.532 0.013 **
Share －0.335 0.198 －1.691 0.093 *
***, **, and * indicate significance at 1%, 5%, and 10% levels respectively
Portal Non-standardized
coefficient
Model B SE t-value p-value
Constant 0.246 0.135 1.828 0.068 *
DM_PF 4.810 0.479 10.037 0.000 ***
DM_FM －1.195 0.744 －1.607 0.109
Exponential 2.150 0.441 4.875 0.000 ***
Profit Ratio 0.080 0.009 8.432 0.000 ***
CAGR －0.572 0.618 －0.927 0.354
EC Non-standardized
coefficient
Model B SE t-value p-value
Constant 0.211 0.121 1.749 0.081 *
DM_PF 4.516 0.489 9.227 0.000 ***
DM_FM 0.849 0.646 1.313 0.190
Exponential 4.969 0.648 7.673 0.000 ***
Profit Ratio 0.026 0.014 1.908 0.057 *





Model B SE t-value p-value
Constant 0.082 0.622 0.132 0.895
DM_PF 4.928 1.094 4.505 0.000 ***
DM_FM 2.438 1.092 2.232 0.028 **
Exponential 0.897 1.252 0.717 0.475
Profit Ratio 0.079 0.021 3.763 0.000 ***
CAGR －2.272 0.766 －2.966 0.004 ***
Cloud Non-standardized
coefficient
Model B SE t-value p-value
Constant 0.133 0.233 0.571 0.569
DM_PF 0.833 0.392 2.129 0.035 **
DM_FM 0.068 0.495 0.136 0.892
Exponential 3.036 0.579 5.242 0.000 ***
Profit Ratio －0.020 0.021 －0.973 0.333
CAGR 4.145 1.151 3.602 0.000 ***
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Table 8 Relationship between Early Entrants and Top Shares/Growth Period（US）
Result
Category CAGR 1） WTA/HHI 2） First Mover 3） Top/Duration（years）2） Top/Share 2）
Portal 16.6% Yes 64.4% Yahoo! Inc No 12 No 4
EC 17.1% Yes 67.3% Amazon. com Inc Yes 16 Yes 1
Social
Media
15.4% Yes 35.0% Activision Blizzard Inc No 0 No 2
Cloud 33.2% Yes 25.7% Internap Network Services No 3 No 7
Finance 8.6% Yes 63.5% Intuit, Inc. No 2 Yes 1
Travel 24.6% Yes 37.4% Priceline. com, Inc. No 1 Yes 1
Security 13.9% No 17.5% Symantec Corp No 3 Yes 1
1 2001-2016; 2 As of 2016; 3 As of IPO year ※WTA markets analyzed are within the shaded area.


















Table 9 Relationship between Early Entrants and Top Shares/Growth Period（Japan）
Result
Category CAGR 1） WTA/HHI 2） First Mover 3） Top/Duration（years）2） Top/Share 2）
Portal 21.4% Yes 61.0% Yahoo! Japan Yes 16 Yes 1
EC 45.7% Yes 51.4% Rakuten Yes 16 Yes 1
Social
Media
49.1% Yes 25.9% Cyber Agent Yes 15 Yes 1
Cloud 18.7% Yes 42.5% GMO Internet No 7 Yes 1
Finance 2.3% No 19.2% TKC No 0 No 2
Travel 12.8% No 24.5% Business One Holdings No 0 No 2
1 2001-2016; 2 As of 2016; 3 As of IPO year ※WTA markets analyzed are within the shaded area.
companies.）The index becomes 25% or more if top companies have shares of at least
50%. The results are provided below.
As shown in Table 8, six industries in the US are regarded as WTA（with certain
qualifications). However, e-commerce was the only industry in which early entrants
demonstrated the longest growth and held the largest shares. While some industries met at
least one of the two criteria, early entrants did not always have the longest growth or
became industry leaders. For Japan（Table 9), early entrants had the longest growth and
the largest shares in three of the four WTA industries, as of 2016. In the remaining
industry（Cloud), an early entrant also had the largest share, though it was second in
growth duration. This indicates that the growth potential for early market-entrant
internet companies tends to be higher in Japan than in the US.
5.4. Summary of Japan─ US Comparisons and Analysis Results
Table 10 summarizes the results of hypotheses 1 to 3 to provide an overview of
comparisons between Japan and the US.
Concerning hypothesis 1, internet services focusing on information can access a wide
range of users（individual and corporate）simultaneously. Once their services take hold,
the companies do not have to make significant investments to expand or maintain the size
of their operations. Thus, continuous growth may lead to a share increase in many
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Table 10 Summary of Hypothesis Results（US and Japan）
US JAPAN
Hypothesis 1: When multiple com-
panies are growing in a growing
industry, companies that grow expo-
nentially over a longer period will
gain a higher market share.
Supported in six industries（Portal,
EC, Social Media, Cloud, Finance）
Denied in one industry（Travel）
Supported in four industries
（Portal, EC, Social Media, Cloud）
Denied in two industries（Finance,
Travel）
Hypothesis 2: Platform providers
tend to grow with advantage in the
growth rate and growth period.
Supported in three industries
（Portal, EC, Social Media）
Supported in one industry for
“Duration.”（Cloud）
Supported in three industries
（Portal, EC, Social Media）
Supported in one industry for
“Duration.”（Cloud）
Hypothesis 3: In WTA industries
（HHI≧25%), early entrants grow
exponentially for the longest period
of time and gain the highest market
share.
Supported in one industry in six
WTA industries（EC）
Five industries are not conditioned.
（Portal, Cloud, Finance, Travel,
Social Media）
Supported in three industries in
four WTA industries（Portal, EC,
Social Media）
One industry is not conditioned.
（Cloud）
industries.
On the other hand, consumers can choose from among various information-service
companies with relative ease. For example, users can choose travel-service Internet
companies by simply comparing prices, making it difficult for these companies to
distinguish themselves once they have secured a certain number of member hotels. This is
probably why, when testing hypothesis 2, we found no platform operators in the travel
industry in either Japan or the US.
Hypothesis 2 was largely validated in industries other than travel, confirming the
exponential growth of platform providers. Some platform users（companies）may post a
temporary increase in revenue to demonstrate high growth. However, if such companies
rely on platforms, their revenue increase will also benefit platform providers and aid their
growth.
Regarding hypothesis 3, we could not confirm growth advantages for early market
entrants in the US. In the US, startups often attract investor attention. These companies,
once established, tend to invest in marketing at the expense of profits to attract customers
at an early stage. This trend has been continuing since the 2000s. In this environment,
companies may often encounter rivals during the initial stages of operation. Some
latecomers with technologies and strategies similar to those of older companies can win
more customers. This is probably why early entrants are not always ascendant in many
industries in the US. In Japan, however, early entrants that replicate an internet-service
model that has been successful in the US tend to gain an advantage. The chances of success
are particularly high for early market entrants that provide platforms catering to both new
individual users and new business users in Japan.
6. DISCUSSION
We have proposed new indicators that can reflect the growth of internet companies
using the bottom exponents and correlation coefficients of a regression analysis. By
exponentially approximating corporate revenue, we demonstrated that companies that
continue to grow during a longer period gain a larger market share within the industry. We
have also confirmed that companies that provide platforms tend to grow with advantage in
the growth rate and growth period. However, there are some exceptions, as conventional
wisdom in the industry is not always applicable when the exponential function is used as
an indicator.
Regarding hypothesis 3, prior research（Eisenman, 2007）indicated that early
entrants must actively make initial investments in a WTA market to obtain long-term
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ROI. However, we have revealed that US companies that acquire large shares over the long
term are not necessarily early market entrants.
Our results have demonstrated only that these new indicators are useful in empirical
studies. Nevertheless, the indicators can be used to evaluate disparities in firms’ growth
potential, even when their industry is still growing: Unlike conventional approximation
methods such as the Sigmoid Curve, our method can be used before the overall growth
trajectory has been confirmed, making it possible to obtain an exponential function
applicable to growth data up to the present. However, this does not mean that perfect
evaluations are possible when established companies that have shown consistent results are
intermingled with fledging companies. This method can be used to forecast a company’s
future earnings if its growth has shown a specific trend. Future research could verify the
indicators’ effectiveness in forecasting earnings.
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